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Abstract

3D visual grounding (3DVG), which aims to correlate a nat-
ural language description with the target object within a 3D
scene, is a significant yet challenging task. Despite recent ad-
vancements in this domain, existing approaches commonly
encounter a shortage: a limited amount and diversity of text-
3D pairs available for training. Moreover, they fall short in ef-
fectively leveraging different contextual clues (e.g., rich spa-
tial relations within the 3D visual space) for grounding. To
address these limitations, we propose AugRefer, a novel ap-
proach for advancing 3D visual grounding. AugRefer intro-
duces cross-modal augmentation designed to extensively gen-
erate diverse text-3D pairs by placing objects into 3D scenes
and creating accurate and semantically rich descriptions us-
ing foundation models. Notably, the resulting pairs can be
utilized by any existing 3DVG methods for enriching their
training data. Besides, AugRefer presents a language-spatial
adaptive decoder that effectively adapts the potential refer-
ring objects based on the language description and various
3D spatial relations. Extensive experiments on three bench-
mark datasets clearly validate the effectiveness of AugRefer.

1 Introduction

3D visual grounding (3DVG) stands as an important and
challenging task, aimed at locating objects within 3D scenes
based on provided textual descriptions. As an advancement
of 3D object detection (Zhao et al. 2020; 2022; Sheng et al.
2022; Han et al. 2024), it plays a critical perceptual role in
various downstream applications, thus attracting increasing
research attention. The emergence of large language models
(LLMs) adds further allure to this field, offering a pathway
to connect LLMs with the physical 3D world seamlessly.
Existing 3DVG methods commonly encounter a shortage
of diverse training data pairs, consisting of the 3D scene with
the referred object and the corresponding language descrip-
tion. This issue inherently arises from limitations on the 3D
data side, where collecting and annotating 3D data is com-
plex, costly, and time-consuming (Dai et al. 2017; Ding et al.
2023; Wang et al. 2023). For example, the popular 3DVG
dataset (Achlioptas et al. 2020) only contains 1.5k scenes.
Recent works (Hong et al. 2023; Zhang et al. 2023) have
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The table is brown in color, made
of wood, and in front of the wall.”

“There is a square beige table,
it is next to a green couch.

Cross-Modal R
I' Augmentation \
\
1
h \

\ t‘a/" .‘ L v

spatial |
Injection | y r

Augmented Sample
a8

Figure 1: A brief illustration of our proposed AugRefer.

used LL.Ms to enrich linguistic descriptions but have not ad-
dressed 3D data scarcity, while other studies (Ge et al. 2024;
Zhao et al. 2022; Zhang et al. 2020) have explored 3D aug-
mentation to introduce objects into existing scenes. How-
ever, these single-modal augmentation techniques cannot be
directly applied to cross-modal 3DVG due to two unique
prerequisites inherent in augmenting text-3D pairs: 1) En-
suring accurate correspondence between 3D targets and
linguistic descriptions, and 2) Providing rich clues neces-
sary for locating the target, differentiating from other objects
by incorporating both semantic and spatial information.

To tackle these limitations, we propose a novel approach
for advancing 3D visual grounding, named AugRefer, as de-
picted in Fig. 1. In AugRefer, our initial step involves de-
vising a cross-modal augmentation mechanism to enrich 3D
scenes by injecting objects and furnishing them with di-
verse and precise descriptions. This augmentation process
involves three main steps: inserting objects into 3D scenes,
rendering these scenes into 2D images, and using founda-
tion models to generate detailed captions. Furthermore, we
design a multi-granularity rendering strategy to capture in-
tricate textures and tailored prompts to produce diverse cap-
tions for each level. As a result, our cross-modal augmenta-
tion addresses the issue of data scarcity in 3DVG by signifi-
cantly increasing the quantity and diversity of text-3D pairs.

In generated text-3D pairs, more complex situations arise.
As shown in Fig. 1, if a scene already contains a table
and our augmentation introduced an external table as the
grounded target, the original one may become a distractor’,

"Distractors refers to objects of the same category as the target.
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Figure 2: The framework overview of AugRefer. It consists of two components: 1) Cross-Modal Augmentation with three
steps: (D Object Insertion — (2) Hybrid Rendering — (3) Caption Generation; and 2) 3D Visual Grounder, where our designed
Language-Spatial Adaptive Decoder (LSAD) aims to enable more precise grounding by incorporating 3D spatial relations.

complicating the learning process. In such cases, it is es-
sential to leverage spatial and other contextual information
to make distinctions. To date, many 3DVG methods either
overlook the exploitation of valuable contextual clues (Jain
et al. 2022; Wu et al. 2023; Huang et al. 2022), such as rich
spatial relations within the 3D visual space, or encounter
challenges in effectively adapting the object features to dif-
ferent contextual clues (Zhao et al. 2021; Chen et al. 2022;
Yang et al. 2024a). In our AugRefer, we design a Language-
Spatial Adaptive Decoder (LSAD) as the cross-modal de-
coder to facilitate more accurate grounding of the target ob-
ject. The LSAD is engineered to adapt the features of po-
tential target objects (i.e., the input to the decoder) to var-
ious contextual clues, including referring clues within the
language description, object similarities in the 3D semantic
space, and spatial relations within the 3D visual space. Our
LSAD explores two distinct types of spatial relations within
the 3D visual space: global spatial relations between objects
and the entire scene as well as pairwise spatial relations be-
tween objects as illustrated in Fig. 5 (a). Furthermore, we
inject these spatial relations into the attention mechanism
within the decoder in a novel manner. It’s worth noting that
our LSAD is compatible with any existing 3DVG framework
employing a transformer-based architecture.

By integrating these two components, AugRefer achieves
SOTA results on the ScanRefer and Sr3D datasets, showing
the effectiveness of our proposed method. Furthermore, we
demonstrate that our method can seamlessly integrate with
existing 3DVG methods, such as BUTD-DETR and EDA,
leading to consistent and significant improvements.

2 Related Work

3D Visual Grounding focuses on locating the language-
referred object in 3D point clouds, which is different from
the 2D visual grounding (Yang et al. 2021a, 2022). Ow-
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ing to advances in transformers (Vaswani et al. 2017; Pan
et al. 2024), the transformer-based methods have emerged
as mainstream in 3DVG. Most methods use attention mech-
anisms to fuse multi-modal features implicitly. For example,
BUTD-DETR (Jain et al. 2022) employs transformer-based
encoder and decoder layers to fuse 3D visual features with
features from other streams. EDA (Wu et al. 2023) performs
more fine-grained alignment between visual and textual fea-
tures by decoupling the input text. However, these standard
attention modules lack the incorporation of spatial relation-
ships.To address this issue, 3DVG-Transformer (Zhao et al.
2021) incorporates distance of proposals to capture pairwise
spatial relations. CORE-3DVG (Yang et al. 2024a) exploits
the spatial features under the guidance of linguistic cues. In
this paper, we propose an effective spatial relation referring
module for better global and pairwise perception.

3D Data Augmentation aims to mitigate the challenge of
data scarcity and significantly enhance performance. Early
efforts include but are not limited to, geometric transforma-
tions, noise injection, and generative methods. Several re-
cent indoor augmentation techniques also follow the prac-
tice of mixing samples in 3D outdoor detection tasks. For
instance, Mix3D (Nekrasov et al. 2021) directly merges two
point cloud scenes to achieve scene-level data augmentation,
while DODA (Ding et al. 2022) creatively implements a
cuboid-level merge between source and target point clouds,
tailored for domain adaptation scenarios. On the other hand,
a few studies investigate the augmentation of 3D scenes with
additional objects. For example, the outdoor 3D detection
method Moca (Zhang et al. 2020) pastes ground-truth ob-
jects into both Bird’s Eye View (BEV) and image features
of training frames. Likewise, 3D Copy-Paste (Ge et al. 2024)
inserts virtual objects into real indoor scenes. In this work,
we focus on implementing cross-modal augmentation be-
tween text descriptions and 3D scenes.
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Figure 3: a) Multi-Angle Camera: For each level of the
scene, images are captured from multiple angles. b) Multi-
Level Rendering: The scene is rendered at different levels.

3 Methodology

Consider a 3D indoor scene denoted by a 3D point cloud P
and an textual description 7'. Our goal is to predict the loca-
tion By € RS of the targeted 3D object based on the descrip-
tion T'. To tackle the scarcity of 3D object-text pairs and in-
corporate object-to-object as well as scene-wide spatial con-
text into object grounding, we propose a novel method, Au-
gRefer, that performs cross-modal augmentation and spatial
relation-based referring, as shown in Fig. 2.

3.1 Cross-Modal Augmentation

Our goal is to significantly diversify the limited 3D object-
text training pairs. Our proposed cross-modal augmentation
is a plug-and-play solution, easily integrable into existing
models. The process (as illustrated in Fig. 2) involves ma-
nipulating the 3D scenes in three key steps: 1) Insertion: se-
lecting suitable insertion positions for new objects and plac-
ing them in a plausible way that avoids interference with
existing objects; 2) Rendering: rendering the inserted ob-
jects in a multi-granularity way; and 3) Captioning: taking
the snapshots to generate diverse yet realistic descriptions.
These captions are then refined to enhance their precision.

Object Insertion. For a 3D scene and an external object,
where the latter is randomly selected from other scenes, our
first consideration is where, what, and how to insert into the
scene. To this end, we propose three main constraints for
the Insertion operation: 1) the ground plane, 2) the stander
inserted object, and 3) no collision with existing objects in
the 3D scene. Algorithm 1 in the supplementary material
outlines the plausible Insertion algorithm.

In this step, we designate the floor as the primary area
for introducing new elements, selecting the insertion plane
with the smallest Z-axis value. This entails imposing specific
categorical constraints on the objects designated for inser-
tion. Therefore, we focus on objects classified as a stander
(e.g., table and chair) which naturally stands on the ground
plane, rather than a hanger (e.g., window and curtain). Sub-
sequently, following (Zhao et al. 2022), we simplify colli-
sion detection by converting the 3D scene into 2D floor im-
ages. Specifically, we employ an erosion technique in which
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the size of the object’s shape determines the kernel used to
erode the ground plane, thereby identifying the collision-
free area suitable for insertion. If no suitable insertion area is
found, we will resample another object and check the avail-
able space for insertion. This search process will continue
until a viable insertion area is identified or the search limit
is reached. Finally, before the actual insertion, the object un-
dergoes random jittering, flipping, and rotation along the Z-
axis. The most frequently inserted stander objects during this
process are chairs, cabinets, and tables.

Hybrid Rendering. A crucial step in our cross-modal
augmentation involves linking augmented 3D scenes with
appropriate descriptions. We achieve this by projecting the
3D scenes into 2D images and then generating rich and ac-
curate descriptions through image captioning. To ensure the
generation of high-quality descriptions, precise and visu-
ally detailed 2D images are essential. Therefore, we employ
a hybrid rendering strategy that considers both multi-angle
and multi-view aspects, as illustrated in Fig. 3.

Firstly, we develop a multi-angle camera placement strat-
egy to address the occlusions present in the 3D point cloud.
These occlusions arise from the cluttered nature of scenes
and the inherent limitations of point cloud data collection,
which often lead to incomplete object capture. In our multi-
angle camera placement strategy, we position cameras at 0,
45, and 90 degrees relative to the object’s center and rotate
them around the object to obtain multiple snapshots. Sec-
ondly, we design a multi-level rendering strategy that en-
compasses object-, local-, and scene-level views to provide
detailed attributes and spatial relationships of the inserted
objects, as illustrated in Fig.3 (b). Specifically, we render
images at three levels of detail by centering the inserted ob-
ject and adjusting the field of view: 1) object-level: the ob-
ject fills the frame, providing detailed insights into its cat-
egories and attributes. 2) local-level: with a broader view
showing the object’s relationships with adjacent regions. 3)
scene-level: the view is expanded to include almost the entire
scene for global contextual information. Lastly, despite us-
ing multi-angle and multi-view rendering, issues like miss-
ing point clouds and obstructions can still arise and degrade
image quality. To address this, we calculate CLIP (Radford
et al. 2021) similarity scores between the images and their
classes, selecting the top M images for the captioning phase.

Diverse Description Generation. Building upon the suc-
cess of 2D multi-modal pre-trained models (Li et al. 2023;
Achiam et al. 2023), we propose a strategy utilizing BLIP2
(Li et al. 2023) to generate accurate referential alignment.
We meticulously craft various BLIP2 input prompts tai-
lored for different levels of rendered images, as illustrated in
Fig. 4. At the object-level, we instruct the model to provide
detailed descriptions to capture finer visual characteristics.
For the local and scene levels, we also require it to convey
the spatial relationships between objects and their surround-
ings. Thus, we guide it to first identify the surrounding ob-
jects and then describe their interrelations. In order to refine
the captions at each level, we employ GPT-3.5 (Brown et al.
2020) to automatically identify and rectify potential inaccu-
racies prior to summarization. Additionally, we use GPT-3.5



Describe the {target} in the center of the image, focusing on
the {target}’s attributes, like color, shape, material, etc.
Answer:

@ Do

The chair is orange in color and has a slanted back.

Describe the {target} in the center of the image, focusing on
the {target}’s attributes, like color, shape, material, etc.
Answer:

@ Do

The chair is a brown leather chair with a burnt orange color.

Summarize the captions below. The summary should be a description of the
{target}. Focus on the target object’s attributes, like color, shape, material,
relations, etc. Identify and correct the potential errors. Captions: {captions}.

The chair is brown leather with a burnt orange color and a slanted back.

(a) Object-Level Caption Generation

Describe the {target} in the center of the image, focusing on

8 the {target}’s attributes, like color, shape, material, etc.
Answer:
(°p  Itis a brown leather chair with a wooden base.

What are the objects near the {target} in the image? Please give me the
{target}’s spatial relation with the other objects or the environment. Answer:

The chair is in front of a sofa.

@ Do

Other angle images.

Summarize the captions below. The summary should be a description of the
{target}. Focus on the target object’s attributes, like color, shape, material,
relations, etc. Identify and correct the potential errors. Captions: {captions}.

Do

G

The chair is brown leather with a wooden base placed in front of a sofa.

(b) Local-Level Caption Generation

Figure 4: Multi-Level Caption Generation. Conversation
process with BLIP2 and ChatGPT for captioning various
level rendering images. Both the Local-Level and Scene-
Level captions utilize the same set of prompts. We describe
the approach using the Local-Level as an example.

to rephrase the captions, enhancing the diversity of descrip-
tions and augmenting the textual modality.

3.2 Overview of 3D Visual Grounder

Following existing approaches (Jain et al. 2022; Wu et al.
2023), our 3D visual grounder consists of four basic mod-
ules: a feature extractor, a feature encoder, a cross-modal
decoder, and a grounding head, as illustrated in Fig. 2.
Feature Extractor. We use a pre-trained PointNet++ (Qi
etal. 2017) to encode the input point cloud and extract visual
features V € R™»*<, We adopt a pre-trained ROBERTa (Liu
et al. 2019) model to encode the textual input, generating
language features 7 € R™*?. Here, N, and NN, denote the
length of the visual and language tokens, respectively. Fol-
lowing (Jain et al. 2022), we use box stream extracted from
the GroupFree (Liu et al. 2021) detector to provide bound-
ing box guidance for the visual features. We then utilize a
learnable MLP layer to transform the NV, detected bounding
boxes into feature representation B € RVv x4,

Feature Encoder. Within the encoder, visual and language
features interact through the standard cross-attention layers,
where they cross-attend to each other and to box proposal
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Figure 5: Illustrations of a) Language-Spatial Adaptive De-
coder (LSAD) layer and b) Global Spatial Attention (GSA).

tokens using standard key-value attention in each layer. Fol-
lowing the acquisition of cross-modal features F, € RV»*¢
and F; € RM*4 a linear layer is employed to select the
top K visual features, denoted as F, € R% >4, representing
target object candidates.

Cross-Modal Decoder. We design the decoder as a
language-spatial adaptive decoder (LSAD), which further
refines these candidates’ visual features with the guidance
of various contextual clues from different sources such as
language, box stream, and visual information. We will dis-
cuss the details of LSAD in Sec. 3.3.

Grounding Head. The output object features of the decoder
are fed into an MLP layer, which predicts the referential ob-
ject bounding box. Following our baselines (Jain et al. 2022;
Wau et al. 2023), we respectively project visual and textual
features into two linear layers, whose weights are denoted
as P, € RE*%* and P, € R™V1*64 and compare the outputs
with the ground-truths using soft-class prediction loss and
semantic alignment loss.

3.3 Language-Spatial Adaptive Decoder

The cross-modal decoder within our 3D visual grounder
stands as the most critical module, tasked with modeling
the contextual relationships between the target object and
relevant objects that align with the language description,
thereby facilitating the identification of the correct referred
object. Typically, the cross-modal decoder module, e.g., the
decoder in (Jain et al. 2022; Wu et al. 2023), utilizes cross-
attention to capture the relationships between potential ob-
jects and language (or 3D object proposals) while apply-
ing self-attention to refine the features of candidate objects
further. However, these conventional attention processes,
which only model object-to-object relationships at a seman-
tic level, cannot explicitly incorporate the spatial relation-
ships between objects. Such spatial relationships are crucial
for 3DVG (Zhao et al. 2021; Chen et al. 2022; Yang et al.
2024a), as the language description usually denotes objects
based on their relative spatial positions within 3D scenes.
Furthermore, the inclusion of rich text-3D pairs generated
by our cross-modal augmentation exacerbates the necessity
of incorporating spatial relationships into the decoder. To



address this, we introduce a Language-Spatial Adaptive De-
coder (LSAD) designed to incorporate spatial relations from
both global and pairwise perspectives.

The architecture of our LSAD layer is illustrated in Fig. 5
(a). In each decoder layer, we employ three distinct types
of attention to refine the visual features of the objects. We
initially perform cross-attention between object features and
textual features, assigning weights to objects based on their
relevance to the language. Subsequently, the objects engage
in pairwise spatial attention to aggregate relative spatial re-
lationships, followed by global spatial attention to gather
global cues. After Np decoder layers, the final visual fea-
tures are fed into the grounding head to predict the target.
Global Spatial Attention. We design this module to achieve
a better understanding of scene-wide spatial context, con-
sidering that global position descriptions also appear in the
dataset, especially in our global-level augmented annota-
tions, such as “This speaker is brown in the corner.” and
“This nightstand is in the middle.”. Therefore, we introduce
global spatial attention, which injects spatial relation infor-
mation in the same manner as in pairwise spatial attention.
However, the calculation of global spatial relationships and
the attention targets differ. Specifically, we calculate the nor-
malized coordinates of the object center in the entire scene
as global spatial features R, € RE*1xds;

Tf = [xnonm Ynorm Znorm}- (1)
Then we transform the global spatial relationship R, as Fy:
Fy = MLP(Ry). 2)

To improve the integration of global spatial relations, we re-
fine object characteristic features F;, by incorporating spatial
features Iy and the visual features of the entire scene point
cloud F;,. The process of global spatial attention (GSA) is
outlined as follows:

Q:FOWQ7 K:F'UWKa V:FUWVa Sg :FgWS7 (3)

T
M) vV, (4
V2dp,

where Wq, Wi, Wy, Wg denote learnable linear layers.
Pairwise Spatial Attention. In natural language descrip-
tions, it is often necessary to distinguish the target from
distractors by referring to one or more anchors and their
pairwise spatial relationships, such as “The chair next to a
brown couch” or “There is a wooden cabinet between a wa-
ter cooler and a trash can.”. Therefore, we introduce Pair-
wise Spatial Attention (PSA), injecting spatial features into
the same method as Global Spatial Attention. The calcula-
tion method of global relations and the features involved in
the attention differ. Specifically, we calculate the distances
and directions between objects to obtain the pairwise spatial
relationships R, € RE*E*d for K objects, where ry; de-
notes the spatial relation between objects O; and O; (see the
supplementary material for more details).

GSA(Q, K, V) = softmax (

4 Experiments
4.1 Dataset and Experimental Setting

Datasets. We use three 3DVG datasets: ScanRefer (Chen et
al. 2020), Nr3D (Achlioptas et al. 2020), and Sr3D (Achliop-
tas et al. 2020) to evaluate our method. Note that Sr3D and
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Nr3D provide ground-truth objects, and some methods sim-
plify the grounding task to a matching problem of selecting
the ground-truth box that best matches the description. Fol-
lowing (Yang et al. 2024a), we use detected objects as input
with the raw point cloud, instead of ground truths.
Evaluation Metrics. We evaluate performance using the
Acc@k (k=0.25 or 0.5) metric. Acc@k means the accuracy
where the best-matched proposal has an intersection over
union with the ground truth greater than the threshold k.
Baselines. We choose two 3DVG models, specifically
BUTD-DETR (Jain et al. 2022) and EDA (Wu et al. 2023) as
baselines?. In our experiments, we integrate our cross-modal
augmentation and hierarchy spatial decoder into the base-
lines, respectively, to verify the effectiveness of our method.
Implementation Details. Our experiments are conducted
on four NVIDIA A100 80G GPUs, utilizing PyTorch and
the AdamW optimizer. We adjust the batch size to 12 or 48
and augment training with 22.5k generated pairs for each
dataset. On average, the generated description contains 13.7
words. The visual encoder’s learning rate is set to 2e-3 for
ScanRefer, while other layers are set to 2e-4 across 150
epochs. In contrast, SR3D and NR3D have learning rates
of le-3 and le-4, respectively; NR3D undergoes 200 epochs
of training, whereas SR3D requires only 100 epochs due to
its simpler, template-generated descriptions.

4.2 Overall Comparison

In Tab. 1 and Tab. 2, we report the comparison of perfor-
mance between the baselines and our AugRefer, as well as
the comparison between ours and the reported SOTA re-
sults, across three 3DVG datasets, i.e. ScanRefer, Nr3D, and
Sr3D. This leads us to the following insights:

* Our method exhibit significant improvements across var-
ious metrics when integrated into the baselines, BUTD-
DETR and EDA. In particular, when compared to BUTD-
DETR, our performance improvements w.rt. the overall
Acc@0.25 metric are 3.05%, 9.81%, and 6.58%, respec-
tively on ScanRefer, Nr3D, and Sr3D. Furthermore, by
integrating EDA, the open-source model with the best
performance, AugRefer significantly increases accuracy
by 2.10%, 4.41%, and 6.56% across the three datasets.

* Benefiting from our AugRefer, EDA has achieved the
SOTA level in Nr3D and Sr3D datasets. In Scanrefer,
we have brought EDA closer to the level of SOTA. It’s
noteworthy that our AugRefer is also compatible with the
SOTA model CORE-3DVG (Yang et al. 2024a), offering
the potential for further performance enhancements.

4.3 In-depth Studies

Two strategies synergize to make AugRefer effective. The
results in Tab. 3 show that our cross-model augmentation
significantly boosts performance in the simple splits, i.e.,
‘unique’, owing to the inclusion of augmented 3D scenes
and a broader array of augmented objects, which enhance

2Since the SOTA method CORE-3DVG is not open source, we
use the top-performing models EDA and BUTD-DETR in 3DVG.
Note that our method could be compatible with CORE-3DVG.



Method unique multiple overall
Acc@0.25 Acc@0.5 Acc@0.25 Acc@0.5 Acc@0.25 Acc@0.5
Referlt3D (Achlioptas et al. 2020) 53.75 37.47 21.03 12.83 26.44 16.90
ScanRefer (Chen, Chang, and NieBner 2020) 67.64 46.19 32.06 21.26 38.97 26.10
TGNN (Huang et al. 2021) 68.61 56.80 29.84 23.18 37.37 29.70
SAT (Yang et al. 2021b) 73.21 50.83 37.64 25.16 44.54 30.14
FFL-3DOG (Feng et al. 2021) 78.80 67.94 35.19 25.70 41.33 34.01
InstanceRefer (Yuan et al. 2021) 77.45 66.83 31.27 24.77 40.23 32.93
3DVG-Transformer (Zhao et al. 2021) 77.16 58.47 38.38 28.70 45.90 34.47
Multi-View Transformer (Huang et al. 2022)  77.67 66.45 31.92 25.26 40.80 33.26
3D-SPS (Luo et al. 2022) 81.63 64.77 39.48 29.61 47.65 36.43
Vil3DRef (Chen et al. 2022) 81.58 68.62 40.30 30.71 47.94 37.73
ViewRefer (Guo et al. 2023) 76.35 64.27 33.08 26.50 41.35 33.69
CORE-3DVG (Yang et al. 2024a) 84.99 67.09 51.82 39.76 56.77 43.83
BUTD-DETR (Jain et al. 2022) 81.55 64.39 44.81 33.41 50.86 38.51
+AugRefer 85.21 +3.66 68.99 +4.60 47.73 +2.92 37.16 +3.75 53.91 +3.05 42.41 +3.90
EDA (Wu et al. 2023) 83.81 64.62 4791 36.29 53.58 40.77
+AugRefer 86.21 +2.40 70.75 +6.13 49.96 +2.05 39.06 +2.77 55.68 +2.10 44.03 +3.26

Table 1: Comparison with SOTA methods on ScanRefer. We highlight the best performance with underlining.

Method Nr3D Sr3D
Acc@0.25 Acc@0.25
ReferIt3D (Achlioptas et al. 2020) 24.00 27.70
InstanceRefer (Yuan et al. 2021) { 29.90 31.50
LanguageRefer (Roh et al. 2022) + 28.60 39.50
SAT (Roh et al. 2022) 31.70 35.40
CORE-3DVG (Yang et al. 2024a) 49.57 54.30
BUTD-DETR (Jain et al. 2022) 38.60 53.64
+AugRefer 48.41 +9.81 60.22 +6.58
EDA (Wu et al. 2023) 42.08 51.39
+AugRefer 46.49 +4.41 57.95 +6.56

Table 2: Comparison with SOTA methods on Nr3D and
Sr3D. t Evaluation results are quoted from (Yang et al.
2024a). We highlight the best performance with underlining.

Method unique multiple overall

CA LSAD|| @0.25 @0.5|@0.25 @0.5|@0.25 @0.5
(a) 81.55 64.39]| 44.81 33.41]50.86 38.51
® | v 85.13 66.62| 46.40 34.96| 52.79 40.18
(c) v 84.52 67.92| 46.85 36.03| 53.07 41.29
©| v v 85.21 68.99| 47.73 37.16| 53.91 42.41

Table 3: The ablation study of our AugRefer. CA stands
for cross-modal augmentation; LSAD for language-spatial
adaptive decoder. BUTD-DETR is used as baseline (row a).

the model’s ability to perceive object classes. In contrast,
spatial injection yields greater improvements in the more
challenging splits, i.e., ‘multiple’. This stems from the learn-
ing of the injected spatial relations, thereby strengthening
the model’s capability to differentiate distractors accord-
ing to spatial relations. Together, these two strategies syn-
ergize to form the rational AugRefer. Overall, these findings
highlight the complementary benefits of our proposed ap-
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Level overall

object  local  scene @0.25 @0.5
(a) 50.86 38.51
(b) v 48.34 36.67
(c) 4 49.32 37.06
(d) v 50.38 38.74
(e) v v 51.04 38.70
() v 4 v 52.79 40.18

Table 4: The ablation study of augmentation levels.

Quantity per overall
scene and level @0.25 @0.5
(a) 1 51.49 39.15
(b) 3 52.79 40.18
(c) 5 51.37 38.38

Table 5: The ablation study on augmentation quantities.

proaches in improving 3D visual grounding performance.

Multi-level enhances accuracy. We apply multi-level ren-
dering and caption generation strategies in our cross-modal
augmentation. To investigate the effect of different levels in
the cross-augmentation, we gradually introduce distinct lev-
els of augmented samples into the baseline BUTD-DETR
and report the results in Tab. 4. It is interesting to note that
while each level of augmentation alone does not improve
overall performance compared to the baseline without aug-
mentation (row a), combining all three levels of granular-
ity in augmentation allows AugRefer to achieve improve-
ments of 1.93% and 1.67% in overall metrics. This high-
lights the importance of our multi-level design, which cap-
tures detailed attributes and spatial relationships of newly
inserted objects, providing more precise descriptions. In ad-
dition, we also conduct experiments to investigate the rela-



Ground Truth

BUTD-DETR

The correct door is very small and
in the corner.

The bar directly above the toilet.

Figure 6: Qualitative results with ScanRefer descriptions

+ AugRefer
Description It's the box furthest from the  The window that is at the
white board. top of the door.
overall
Method | G055 @0.5
(a) pair-glb-lang 51.18 39.27
(b) pair-lang-glb 52.93 41.02
(©) lang-pair-glb 53.91 42.41

Table 6: The ablation study on language priors and visual
priors in the LSAD module.

tionship between the quantity of generated pairs and perfor-
mance improvements. During the training phase of BUTD-
DETR baseline, we randomly add n pairs (n = 1, 3, 5) from
each scene and level to augment the training dataset. We ob-
served that increasing the number of generated pairs can lead
to performance degradation, likely due to noise introduced
in the generated pairs. To maintain a balance between gen-
erated and original pairs, we set n to 3.

Our current LSAD design outperforms the alternatives.
In Tab. 6, we investigate the effects of order in applying
three types of attention on ScanRefer dataset with cross-
modal augmented training data. Rows (a-c) incorporate the
LSAD module with varying orders of the three attentions.
The results in Tab. 6 show that modeling complex spatial
relationships is more effective when language priors are ap-
plied (cross-attended) first. Besides, we compare our LSAD
module with an alternative design that also models spa-
tial relationships to highlight the advantages of our LSAD.
Specifically, we replace the LSAD decoder in our base-
line BUTD-DETR with the corresponding structure from
Vil3DRef (Chen et al. 2022), denoted as ‘Vil. Decoder’ in
Tab. 7. The comparison results show that our LSAD mod-
ule, which integrates both global and pairwise relationships,
achieves significantly better performance.
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overall
Method @025 @05
(a) BUTD-DETR 50.86 38.51
(b) +Vil. Decoder 50.18 38.65
(©) +LSAD 53.91 42.41

Table 7: Comparison of the spatial relation module.

Qualitative Analysis: Fig. 6 illustrates the qualitative com-
parison between AugRefer and the baseline BUTD-DETR
using two samples from ScanRefer dataset. The visualiza-
tion results demonstrate that our AugRefer outperforms the
baseline, particularly in grounding challenging objects such
as the small box. Furthermore, AugRefer exhibits notable
improvements in spatial modeling, particularly in the pair-
wise (first three columns) and global (last column) contexts.

5 Conclusion

Our work alleviates the shortage of both amount and diver-
sity in the text-3D grounding dataset and the inefficiencies
of exploring contextual clues by introducing AugRefer. We
enrich 3D scenes with additional objects and generate de-
tailed descriptions in three distinct granularities using foun-
dation models. Moreover, we integrate contextual clues into
the model, enabling a thorough comprehension of these re-
lationships. This paper pioneers the use of cross-modal aug-
mentation techniques, substantially advancing the field of
3D visual grounding and providing viable solutions wher-
ever in research and practical fields. In the future, we will
try to extend our idea to tackle more complex reasoning
tasks (Yang et al. 2024b; Luo et al. 2025).
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